Most organisms are more closely related to nearby than distant members of their species, creating 7 spatial autocorrelations in genetic data. This allows us to predict the location of origin of a genetic 8 sample by comparing it to a set of samples of known geographic origin. Here we describe a deep 9 learning method, which we call Locator, to accomplish this task faster and more accurately than 10 existing approaches. In simulations, Locator infers sample location to within 4.1 generations of 11 dispersal and runs at least an order of magnitude faster than a recent model-based approach. 12 We leverage Locator's computational efficiency to predict locations separately in windows across 13 the genome, which allows us to both quantify uncertainty and describe the mosaic ancestry and 14 patterns of geographic mixing that characterize many populations. Applied to whole-genome 15 sequence data from Plasmodium parasites, Anopheles mosquitoes, and global human populations, 16 this approach yields median test errors of 16.9km, 5.7km, and 85km, respectively. 17 Introduction 18
: Conceptual schematic of our approach. Regions of the genome reflect correlated sets of genealogical relationships (A), each of which represents a set of ancestors with varying spatial positions back in time. We extract genotypes from windows across the genome (B), and train a deep neural network to approximate the relationship between genotypes and locations using Euclidean distance as the loss function (C). We can then use the trained network to predict the location of new genotypes held out from the training routine (D). Figure S2 .
this distribution is indeed centered on the true location. We also tested the alternate approach of 126 bootstrapping over a single set of SNPs, which could be useful for smaller datasets or those lacking 127 a reference alignment. Results for this method are discussed in Supplementary figure S4.
of Figures 5-7. We discuss the implications of these predictions for each species below, but in 130 general we find that the windowed analysis accurately describes uncertainty in a sample's location We next turn our attention to the application of Locator to empirical population genomic datasets.
145
In Figure 5 we show predicted and true locations for 153 individuals from the Ag1000g dataset of 146 Anopheles gambiae and A. coluzzii, estimated in 2Mbp windows across the genome. The location 147 with highest kernel density across all windows had a median error of 5.7km, and the centroid of the 148 per-window predictions had a median error of 36 km (Table S2 ). Significant prediction error occurs 149 only between sites in Cameroon, Burkina Faso, and the Republic of Guinea -localities which were 150 also assigned to a single ancestry cluster in the ADMIXTURE analysis in Miles et al. (2017) .
151
However uncertainty for these samples was relatively well described by visualizing the spread of 152 per-window predictions, with predicted locations generally lying between sets of localities. The 153 true locality was within the 95% interval of the kernel density across all windows for all samples. Table S2 ). Mean predicted locations across all windows consistently separate populations in the 158 Americas, West Africa, East Africa, southeast Asia, and Papua New Guinea; consistent with the 159 major population subdivisions described via PCA in Pearson et al. (2019) . We also see good 160 discrimination within clusters, particularly in southeast Asia where the average test error is less 161 than 200km for all but two localities. Error is highest in West Africa, where mean predictions tend 162 towards the center of a set of regional collecting localities ( Figure 6 ). These patterns are consistent 163 with previous findings of fine-scale spatial structure in P. falciparum in Cambodia (Miotto et al., Figure S9 ). This suggests outlier predictions reflect variation in 211 ancestry in different regions of the genome, rather than stochastic error in model fitting.
212
We also examined how recombination rate interacts with the accuracy of Locator predictions 213 generated from different regions of the genome. We might expect recombination rate to affect In this report we present a new tool, Locator, which uses a deep neural network to predict the 250 geographic location of a sample on the basis of its genotype. We show that Locator is highly 251 accurate, computationally efficient, and can scale to thousands of genomes.
252
In simulations we showed that our method returns the same results as a state-of-the-art model-
253
We show that the accuracy of our estimator is naturally measured in terms of the dispersal rate of 255 the population and that predictions from Locator are consistently within 3-4 generations of mean 256 dispersal across a wide range of dispersal distances (Figure 2, Figure S2 ). However we found that 257 the greatest increase in performance relative to the model-based approach is in empirical data for 258 which the assumption of smooth variation in allele frequencies across the landscape is unlikely to 259 hold, such as the complex multi-species Anopheles sample analyzed here (Figure 3) . were thought to be distinctive populations reflecting a vaguely pre-modern distribution of human 287 genetic diversity (Harry and Marks, 1999) , and so would probably not be a good reference set 288 for random individuals drawn from regions or groups with recent histories of large population 289 movements such as the United States.
290
Here we have shown that our method, Locator, is fast, accurate, and scales well to large 291 samples. However we see several next steps that could improve the approach. First, our current genetics is still in its infancy and we imagine much progress will be made in the coming years 300 along these lines. within the simulation at all locations on the genome (i.e., the tree sequence had coalesced). 500 395 individuals were randomly sampled from the final generation of each simulation for use in model 396 fitting.
Suppose that we know the spatial locations of some relatives of a given individual, and want to 626 predict the location of that focal individual. This is a best-case scenario for our actual problem, as 627 in fact we would have to infer the degrees of relatedness of the reference set to the focal individual, 628 but the calculations are useful in establishing a lower bound on the resolution of inference.
629
Suppose furthermore that the displacement in spatial position along each parent-child rela-630 tionship has mean zero and variance σ, so that the net distance traveled along any path along k 631 links in the pedigree has mean zero and variance kσ. Given the location of n relatives of a focal 632 individual, a simple estimator of that individual's spatial location is simply the average of their 633 locations. How well does this do? 634 We can associate each link between parent p and child c in the pedigree with the displacement between them, X pc = −X cp ; we have assumed that var[X cp ] = σ 2 for each. Suppose that the i th relative can be reached by traversing relatives r i1 , . . . , r iki , and so their location relative to the focal individual is Y i = X ri1,ri2 + · · · + X r i(k i −1) ,r ik i . To compute the variance of our estimator, Y = n i=1 Y i /n, let n cp be the number of i for which X cp appears in the sum for Y i , so that Y = cp n cp X cp /n. Then, simply, var[Ȳ ] = cp (n cp /n) 2 X cp . For instance, if those relatives are all 2 k ancestors k generations ago (i.e., the great k−2 -grandparents) of the focal individual, then each of the 2 links between the th and ( − 1) th generations are traversed by 2 k− of the paths, and so
Clearly, with less full pedigree coverage and more distant relatives, the error would become worse, Figure S6 : Centroid prediction error as a function of within-host diversity (F W S ) for the Plasmodium falciparum dataset. F W S scales from 0 (maximum complexity) to 1 (minimum complexity). The blue line shows a linear regression (p < 2.2e−16, R 2 = 0.006, slope = 148.1). High within-host diversity does not appear to explain outliers in Locator's prediction error. Figure S7 : Performance on 10,000 SNPs from chromosome 2L in the ag1000g phase 1 dataset when all samples from localities in the true country are dropped from the training set.
Locator Figure S8 : Performance on 10,000 SNPs from chromosome 2L in the ag1000g phase 1 dataset when all samples from the true locality are dropped from the training set. Figure S9 : Outliers in windowed Locator analyses identify genomic regions enriched for admixed ancestry. A: Windowed Locator predictions for Maya sample HGDP00871. B: PCAs of all HGDP samples run on SNPs extracted from windows with predicted locations in western Europe (left) and west Africa (right). In these windows sample HGDP00871 (open points) clusters with individuals from region predicted by Locator in PC space, rather than with other genomes from the Americas.
